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¢ Classical planning still leaves hardware idle

Observation

Modern hardware is massively parallel, but
major classical planners still run heuristic
search on a single CPU core.

¢ Parallelizing the open and closed lists is
hard.

¢ Many heuristics are too cheap for GPU
offloading.

¢ More informative heuristics can amortize
parallel overhead.

Candidate

Critical path heuristics h™ are ad-
missible, informative, and built
from many independent updates.

Bottleneck

The table has one entry for every
atom set of size at most m. This
makes h? useful but expensive, and
h® quickly memory-heavy.
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¢ Contribution

¢ Represent the h™ dynamic program as a fixed directed hypergraph.

¢ Compute one Bellman-Ford-style iteration as a hypergraph convolution.
¢ Map the update to PyTorch/LibTorch tensor primitives on the GPU.

¢ Reuse the same graph for batching and multiple cost functions.

¢ Integrate into Fast Downward and evaluate h? on IPC benchmarks.
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¢ The h™ recurrence

Let s be a set of atoms obtained by regression.
/e

0 ifsCl, . .
h™(s) = 4 mings.a.syeree) H(s') + cost(a) i |s| < m, 1. CA(I);ia(()iy true in the initial state:
maxg ep_,.(s) h™(s") otherwise. '

2. Small enough set: regress through
one action.

3. Too large: keep the hardest subset
of size at most m.

For search state s

Initialize table entries with 0 for ver-
tices v C s and oo otherwise.

¢ 4/20



¢ h? computation example

Let m = 2 and consider the subgoal set Suppose action a has
t={p.q,r} pre(a) = {x, y},
add(a) = {p,q, r},
Since |t| > 2, the decomposition case gives (2) = {p.q,r}
del(a) = 0.
h(t) = max h*(u). . . .
UEP<m(t) Regressing any pair over a yields {x, y}:
The relevant non-trivial subsets are: W ({p,q}) < h*({x,y}) + cost(a),
{p,q}, {p,r}, {aq,r}. and analogously for {p, r} and {q, r}.

What the table computes

Every small atom set receives the cheapest
cost found by all such regressions.
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¢ One h? update loop

{ stack(A,B) } Viax+add kerne rouped min-update 100p
= One CUDA item per edge: Only generated heads can decrease; repeat while
changed_flag:
— 40+ o
ue = max (x) + cost(e)
x€Te d(h) < min(d(h), min ue)
pre: Ha, Cg add: Opg, Ca, E

Hp = holding(A), tail tuple initial cost
Cx = clear(X) ﬁ tuple old  after1
Oxy = on(X7 Y), {Hp} 0 {Ha} 0 0
E = handempty. {Cg} 0 {Cs} 0 0
{Ha, Cg} 0 {OaB} oo 1
S

oo

max(0,0,0,0) +1=1 {Hg} oo o
{0Ba} ) oo
select max + cost {OaB,Ca} oo 1
[ +[ }[ J {Ons, E} oo 1
{Ca; E} oo 1
{Oas, Opa} oo oo
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¢ Hypergraph representation

Vertices

X =P<m(V)

Every vertex is one dynamic-programming
table entry.

Hyperedges

Each regression transition (s, a,s’) induces
edges

T = P<m(s), H={v}, veEPwm(s),
with weight cost(a).

¢

Important separation

The hypergraph depends on the planning
task and m, not on the current search state.

¢ Search states only initialize vertex labels.

¢ The same graph can be reused for many
heuristic evaluations.

¢ This makes batching natural.
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¢ One convolution round

For each hyperedge e = (T, {v}):

ul = max d*(x) + weight(e).
X€e

Then update each head vertex by the cheapest
incoming proposal:

d*(v) = min (dt v),  min ué) .
( ) ( ) e=(T,{v})EE

Repeat until the vertex labels reach a fixed
point.

index select
tail vertex values

v

‘ index reduce ‘

max over tails

Y

{ add edge weights }

v

index reduce
min into heads

The paper implementation uses PyTorch
primitives with exactly this
select/reduce/reduce structure.
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¢ Tensor implementation from the paper

1l: allvals = index_select (
input=vertices, dim=0,
index=value_indices)

2: max_vals = index_reduce (
input=all_vals, dim=0,
index=max_indices, source=all_vals,
reduce="amax", include_self=False)

3: max_-vals = max_vals + edge_weights

4: vertices = index reduce (
input=vertices, dim=0,
index=min_indices, source=max_vals,
reduce="amin", include_self=True)

Select tail values, reduce by max, add edge weights, then reduce by min into head vertices.
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¢ Computing a heuristic value

Given a search state s:

if v C
do(v):{o if v Cs,

oo otherwise.

Let d* be the converged labeling. The
heuristic is

h™(s) = d*(g).
(s) gepmjf(c) (&)

Why this is correct

The hypergraph is the h™ hypergraph
of Steinmetz and Torralba: at conver-
gence, d*(v) = h™(v) for every vertex

GPU-friendly structure

The entire hypergraph is processed in
parallel each round, then the same op-
erations repeat until convergence.
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¢ Implementation strategy

Integrated into Fast Downward.

Hypergraph construction runs once on
the CPU.

Vertex arrays, edge indices, and
weights are transferred to GPU.

LibTorch 2.1.2 and CUDA 12.1 execute
the convolution rounds.

Avoiding synchronization

Checking convergence every round
forces CPU-GPU synchronization.
The implementation tracks the maxi-
mum observed number of iterations
and delays checks until that threshold.

CUDA graphs

Repeated GPU kernel launches are
captured to reduce launch overhead.
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¢ How many GPU threads?

Example: ncp =2, B=3, |[E| =5
UDA launch shape el |E|

edge work items
The fused implementation uses fixed-size

blocks: block 0 [JCICICICICICICT
work block 1 [ CICICICICT

threads = 256, blocks = .
[256—‘ block 2 [ [ CICIC]

block 3 Lyl [v%t]h;]oy Hhrdad blocks:

Logical WOrk implementation uses 256-thread blocks.
What changes the thread count?
maxctadd: e B-|E|
grouped min:  ncp - B+ |Hgrp| More cost partitions, larger batches, and more hyper-

edges/head groups create more logical work. Tail size
affects work per thread.
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¢ Batching and cost functions

Compute h? for all successors of an ex- Use cost functions ci, ..., ¢, satisfying

panded state in parallel.
ci(a) + - -+ cn(a) < cost(a).

¢ Same hypergraph structure.
¢ Multiple vertex-label columns.
¢ Better use of GPU throughput.

¢ The graph topology is shared.
¢ Edge weights differ per cost function.

¢ The additive heuristic remains
admissible.
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¢ Dominance pruning

Theorem

Let e = (T1,H) and e; = (T2, H) be hyperedges with the same head. If Ty C T, and
weight(e;) < weight(e,), then removing e, does not change the computed vertex values.

Reason

A larger tail can only increase the max-
reduction. A larger edge weight cannot com-
pensate for that.

Cost partitioning caveat

With several cost functions, dominance
must hold for every cost function, so the
pruning condition becomes stricter.
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¢ Experimental setup

Benchmarks from the optimal tracks
of IPC.

Planner configurations use A* search.

Limits: 30 minutes and 8 GiB CPU
memory.

GPU: one NVIDIA A100 with 40 GB.

Compared configurations

¢

CPU h? generalized Bellman-Ford
baseline.

GPU h? convolution.
Batched GPU B-h2.

Goal and random cost partitioning
variants.

LM-cut as a strong h'-based baseline.
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¢ Runtime: GPU pays off on large instances

10 s emesecesox T

% F |

s 3L

0 i

N X

5 10%F f‘f"‘x

4= = X X X

5 F X x X% ,§&§%§§

3 1 x X%

&) 10 F o X |

= F X”xxx % E|

= 0 =

=} 10 F 1

=}

O 10—1 L L TRum sl sl I

1072 10°% 10 10* 10® 10% 104

CPU h? (lower for 280 tasks)

The GPU has startup and construction overhead, but large instances see speedups of up to two
orders of magnitude.
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¢ Coverage

gl o e What to read

I B Per-domain coverage on IPC

| T B optimal-track benchmarks.
. ¢ GPU batching solves the
"“"'— HER A A most instances among the h?
=""""’" EIRER 1R I variants.
o R ¢ GPU h? improves over CPU
e E R A 5.
i I R S h= in total coverage.
% B HENE ¢ LM-cut remains stronger
AT .
= R overall, but parallel h* wins

in some domains.
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¢ Cost partitioning: stronger heuristic, too expensive

Search Space Size
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Goal-based cost partitioning reduces some search spaces, but runtime and memory overhead
dominate on many instances.
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¢ What we learned

¢ h™ can be expressed as repeated convolutions on a fixed hypergraph.
¢ That formulation maps directly to GPU tensor operations.

¢ GPU h? substantially improves runtime and coverage over CPU h?.
¢ Batching is important: it better matches the GPU execution model.

¢ LM-cut is still stronger overall, but GPU heuristic evaluation is a practical
entry point for parallel planning.

4 19/20



¢ Conclusion

¢ Classical planning can use GPUs without
parallelizing the entire search algorithm.

¢ The useful unit of parallelism is heuristic
evaluation.

¢ Hypergraph convolution gives a clean bridge
from h™ theory to GPU implementation.

downward-h2
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https://github.com/mrlab-ai/downward-h2
https://github.com/mrlab-ai/downward-h2

XK/

Thank you.

QUESTIONS & DISCUSSION

markus.fritzsche@liu.se
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